Abstract: Quantitative structure-activity relationships (QSARs) are developed for two separate families of sweet-tasting molecules for which sweetness values relative to sucrose (RS) have been measured. For these two families of sucrose and guanidine derivatives, the molecules were divided into training and test sets. Linear multiple regression equations have been generated to relate separately log(RS) to two types of parameters, namely molecular descriptors and energies derived via molecular field analysis (MFA). The parameters used in the development of linear multiple regression equations were selected by the genetic algorithm. The equations obtained show high predictive quality, which is confirmed by statistical parameters obtained with the test sets.
INTRODUCTION
Sweet taste transduction is thought to arise from the interaction of a molecule with a G protein-coupled taste receptor at the taste receptor cells, which generate a sensation of pleasant sweetness. Recent studies have identified the T1R3 receptor as a probable candidate for the sweet taste receptor [1] [2] [3] [4] [5] [6] . While the residue sequence is published, the detailed structure has not yet been determined. When that structure is available, then it will be possible to investigate how sweet-tasting molecules interact with the active site and hence establish a direct correlation with relative sweetness (RS). In the meantime, it is possible to investigate sweet taste by studying molecules with particular taste properties and establishing the molecular features that are responsible for taste.
Previous studies on structure-sweet taste relationships, recently reviewed [7] , have been characterized by the glucophore models, starting at the AH-B theory of Shallenberger and Acree [8] and the AH, B, X theory of Kier [9] and moving on to the multipoint attachment theory of Tinti and Nofre [10, 11] . These models describe the sweetness of a molecule as arising from functional groups with specific physicochemical properties and, in particular, geometric arrangements. These models, though qualitative or semiquantitative, have been widely used over the last decade to explain the taste characteristics of large numbers of sweet-tasting compounds.
By contrast, we have concentrated on quantitative studies of sweet taste. Here, we detail our development of quantitative structure-activity relationships (QSARs) for sweet-tasting molecules in which we analyze molecules with known RS values. QSARs can be established most readily with families of molecules, and we have studied several series with known sweetness value. In previous work, we have studied 21 sulfamates that have RS values of 0.6 to 70.5 [12] and 41 isovanillates with RS values between 1 to 10 000 [13] . For the sulfamates, we used principal component analysis to distinguish between molecules that tasted sweet and bitter, and also developed linear multiple regression equations with good predictive power. For the isovanillates, we also developed similar high-quality equations [13] .
In this paper, we detail QSARs for 40 sucrose derivatives with RS values of 0.2 to 7500 and 47 guanidine molecules with RS values of 350 to 205 000. We also show combined QSARs for sweet taste using data from 149 molecules in all four families of molecules.
EXPERIMENTAL
An equivalent methodology was used for the sucrose and guanidine derivatives and the combined set of molecules, and this is equivalent to that detailed in our published work with the isovanillates [13] . For each study, the molecules were divided into a training set to develop the QSAR, and a test set to validate the QSAR.
Two types of parameters were used separately in the calculations. Molecular descriptors were derived from the 2-dimensional and 3-dimensional structures of the molecules. For the guanidine derivatives, as previously for the sulfamates and isovanillates, the lowest energy conformations of each molecule were used for the generation of descriptors, and these were obtained by using the grid scan method in Cerius 2 [14] . However, for the sucrose derivatives, the conformations were generated following a different protocol. As is known from the crystal structures of sucrose and sucralose, their conformations are very different with respect to the glycosidic bridge torsion angles which have been determined by X-ray crystallography as 108.2, -45.1°in sucrose [15] and 91.4, -162.2°in sucralose [16] . The differences occur because in sucrose there are O(2)…O(1′) and O(5)…O(6′) intramolecular hydrogen bonds between the two rings, while in sucralose these hydrogen bonds cannot occur because of hydroxide substitution, and, therefore, the O(2)…O(5′) hydrogen bond is found which requires a different conformation. However, it is debatable whether these hydrogen bonds, and therefore the conformation, would persist in solution and indeed what conformation would exist when the molecules interact with the receptor site. Molecular mechanics calculations suggest that the conformation could readily change to maximize the interaction in a receptor site [17] . We considered three different choices of conformation, using the sucrose bridge conformation or the sucralose bridge conformation or obtaining and then using the lowest energy conformation for each molecule. Taking into account that it has been established by X-ray crystallography that drugs do not often take up their lowest energy conformation in their receptor sites, we rejected the third option of using the lowest energy conformation of each molecule. Given that the interaction of the molecules with the receptor site is likely to be mediated with solvent water, a fact that has implications for changing the conformational preferences of the derivatives, there seems no obvious reason to choose one conformation or the other. We, therefore, selected the first option and for each derivative constrained the torsion angles in the glycosidic bridge to 108.2 and -45.1°the values found in sucrose and carried out a grid scan analysis on the remaining rotatable bonds in the molecule to find the lowest energy conformation.
After establishing the conformations of the molecules, over 100 such parameters were obtained, which could be categorized as conformational, electronic constants, receptor, topological, informationcontent, molecular shape analysis, spatial, structural, and thermodynamic descriptors. A second set of parameters was then obtained via molecular field analysis (MFA). First, the molecules in each group were overlapped using common structural features. This is straightforward for the sucrose and guanidine descriptors because they share common structural features, less so for the combined set of mole-cules. The overlapped molecules were then placed within a box of appropriate size (vida supra). The fragments H + , CH 3 , CH 3 -, and CH 3 + were used as probes and positioned at 2Å intervals within the box. The energies of interaction between the probes and the molecules were then calculated at each point to give, for example, for the 149 compounds in the 4 families, 990 points for each probe and therefore 3960 interaction energies for each molecule. The 10 % interaction energies with the highest variance were then selected to give 396 points for each probe.
With both types of parameters, we next derived multiple linear regression equations of the type log(RS) = a 0 + a 1 p 1 + a 2 p 2 + a 3 p 3 … a n p n , where a i are constants and p i are the parameters. The genetic algorithm was then used to select the most appropriate parameters to use in the equation using the methodology previously described [13] . Both the genetic factor algorithm (GFA) [18] and genetic partial least squares (GPLS) methods were used within the QSAR modules of Cerius 2 [14] . In the GFA, the best equations are selected via Friedman's lack of fit (LOF) factor, which takes into account the number of terms used in the equation and is not biased, as are other indicators toward large numbers of parameters. Other statistical measures such as r 2 , r 2 (CV) the cross-validation r 2 value obtained via the leave-one-out method, and the predicted residual sum of squares (PRESS) value were used to validate the equation and assess its predictive ability.
RESULTS AND DISCUSSION

Sucrose derivatives
RS values were available in the literature for 40 sucrose derivatives [19] , which are shown in Fig. 1 . Over 20 years ago, it was discovered that the replacement of hydroxide groups by halides led to increased sweetness. Of particular interest is sucralose, 4,1′,6′-trichloro-4,1′,6′-trideoxygalactosucrose, which has an RS value of 650. This compound is currently used as a high-intensity sweetener in many countries such as Australia and Canada and is being considered as a food ingredient in the EC [20, 21] . However, there are many other such compounds with RS values of up to 7500 as shown in Fig. 1 . For the QSAR study, the molecules were divided into a training set of 30 and a test set of 10 molecules. The molecules in the test set were chosen to provide a varied range of RS values and substituents. Molecular descriptors were then calculated. For the MFA, the molecules were overlapped (Fig. 2) Multiple linear regression equations were then developed using both molecular descriptors and energy values obtained from MFA. Equations were generated using different numbers of descriptors. The best equations, assessed via the statistical parameters listed above, using both GFA and GPLS methods are reported below. The descriptors abbreviated in the equations are given in full in the Appendix. Plots of calculated log(RS) against experimental log(RS) values for both the training and test sets from the GFA methods are given in Figs Both sets of parameters have led to equations with good predictive quality with r 2 values in excess of 0.90 and r 2 (CV) values in excess of 0.85. Figures 2 and 3 show that there is a good agreement for the test set, also indicating that the equations have good predictive power. The molecular descriptors in the equations include a wide range of parameters including electronic (Dipole-Y), information content (IAC-Total), molecular weight, and JURS descriptors, which represent partial charges mapped on surface area. The terms used in MFA equations provide important information concerning how the molecules interact with the receptor site. Indeed, for the sucrose derivatives, it is particularly noticeable from The other probes are to be found around the furanose ring at positions close to O(1′). It is interesting that no probes are located close to the 3′ and 4′ positions, indicating that these positions are relatively unimportant for sweet taste.
Guanidine derivatives
The guanidine derivatives show a very wide range of RS values ranging up to 205 000 [16] (Fig. 5) . The molecules were divided into a training set of 39 and a test set of 8. Molecules in the test set were chosen to provide a varied range of RS values and substituents. Molecular descriptors were then calculated. The molecules were overlapped using the Ph-N=C(N)N moiety (Fig. 6) , and MFA parameters were calculated using a 7*7*7Å 3 grid. The best equations obtained from the linear multiple regression are shown below. 
Log(RS) = 3. The observed and calculated values of log(RS) for the training and test sets are shown in Figs. 7 and 8 for eqs. 5 and 7 which were obtained using the GFA method.
The statistical measures are not as high as for the sucrose derivatives with r 2 values around 0.70, while r 2 (CV) values are between 0.50 and 0.60. However, it is interesting that the PRESS(test) values using molecular descriptors are particularly good, showing that the equations have good predictive quality. It is noteworthy that the majority of descriptors selected for the equations are 2-D connectivity terms. By default, this may suggest that the 3-D conformations are particularly flexible and those found in the receptor site may not be those used for the MFA. Supporting evidence for this view is provided by the high PRESS(test) values observed in eqs. 7 and 8 and illustrated in Fig. 8, which show that the MFA equations do not have good predictive quality. In the MFA equations, it can be observed from to be expected, as these common features are clearly not responsible for the variations in RS values, although of course they are necessary for the generic sweet taste in the guanidine family. The probe positions are located around the R groups (Fig. 5 ) and illustrate how variations in R affect the sweet taste.
Four families of sweetener molecules
We next considered whether it was possible to generate a QSAR for all sweet-tasting molecules. Clearly, the answer could only be yes, if there was one mode of action in one sweet taste receptor. We derived QSARs for molecules in 4 families, the sucrose and guanidine derivatives discussed above together with sulfamate and isovanillate families. The molecules used in these latter 2 families, and their RS values are previously published [12, 13] . There were 149 molecules in all, and these were divided into a training set of 120 molecules and a test set of 29. The test set was distributed in proportion throughout the 4 families, and molecules were selected to provide a varied range of RS values and of derivatives. There is a significant problem in applying MFA to these 149 molecules, namely, how to overlap the molecules. As we have shown, it was relatively straightforward for the 4 families separately, but much more difficult for the 4 families together. It was decided to overlap the families using the Tinti-Nofre sweetness model [22] Each family was overlapped with its pharmacophore coincident with the AH, B, and G sites of the model to obtain the overlap shown in Fig. 9 . A box of size 10*9*8Å 3 
Log(RS) = 3. Fig. 9 Overlap of the 149 molecules used in the study of the 4 sweet-tasting families.
Figs. 10 and 11
Plot of observed log(RS) value against calculated log(RS) value for the 149 sweet-tasting molecules using eqs. 9 and 11, respectively. Data for molecules in the training set are shown as filled circles, test set as open diamonds.
While the statistical tests show that both sets of parameters have led to equations with good predictive quality, the values using the molecular descriptors give higher statistical measures. It is interesting that the majority of terms used in the equations derive from 2-D connectivity and molecular graph terms, although AlogP and Dipole-Y are also found indicating the importance of the charge distribution in the molecules. From Fig. 11 , it can be concluded that the equations developed via the MFA do not show much predictive quality. The RS values of a few of the test set molecules are particularly badly predicted. This may well indicate that the method that was used for the overlap of the molecules was unsatisfactory. However, in the absence of knowledge of the structure of the receptor, it is difficult to decide upon a better method. It is interesting, however, to note that studies using the pseudo-receptor, where the methodology allows for the minor realignment of the overlapped molecules, does provide activity relationships with better predictive quality [23] .
It can, of course, be argued that we should have incorporated a wide range of sweet-tasting molecules in our study rather than limiting ourselves to 4 families, and this indeed is work that we are planning to carry out in the near future. However, even so, the results of calculations using molecular descriptors on 149 molecules in four different families are very encouraging. In particular, the high predictive quality of this equation is indicated by the statistical values and indeed by the values predicted for the test set. This shows that this equation or a variation thereof may well be able to predict the relative sweetness of a wide range of sweet compounds, not just those in the 4 families. The success of this equation in explaining the sweet taste response of 4 families may well confirm the view that there is indeed just one taste receptor that acts in a comparable manner for the majority of sweet-tasting molecules.
